Research suggests that early identification of developmental dyslexia is important for mitigating the negative effects of dyslexia, including reduced educational attainment and increased socioemotional difficulties. The strongest pre-literacy predictors of dyslexia are rapid automatized naming (RAN), phonological awareness (PA), letter knowledge, and verbal short-term memory (VSTM). The relationship among these constructs has been debated, and several theories have emerged to explain the unique role of each in reading ability/disability. Furthermore, the stability of identification of risk based on these measures varies widely across studies, due in part to the different cutoffs employed to designate risk. We applied a latent profile analysis technique with a diverse sample of 1,215 kindergarten and pre-kindergarten students from 20 schools, to investigate whether PA, RAN, letter knowledge, and verbal short-term memory measures differentiated between homogenous profiles of performance on these measures. Six profiles of performance emerged from the data: average performers, below average performers, high performers, PA risk, RAN risk, and double deficit risk (PA and RAN). A latent class regression model was employed to investigate the longitudinal stability of these groups in a representative subset of children (n=90) nearly two years later, at the end of 1st grade. Profile membership in the spring semester of prekindergarten or fall semester of kindergarten was significantly predictive of later reading performance, with the specific patterns of performance on the different constructs remaining stable across the years. There was a higher frequency of PA and RAN deficits in children from lower SES backgrounds. There was no evidence for the IQ-achievement discrepancy criteria traditionally used to diagnose dyslexia. Our results support the feasibility of early identification of dyslexia risk and point to the heterogeneity of risk profiles. These findings carry important implications for improving outcomes for children with dyslexia, based on more targeted interventions.
Introduction
Developmental dyslexia (henceforth, dyslexia) affects 5-17% of children, with the prevalence rates varying widely across studies depending on the exact definition and measures used for diagnosis (Elliott & Grigorenko, 2014) . Dyslexia is a neurological condition characterized by difficulties with accurate and/or fluent word recognition, poor spelling, and poor decoding abilities (Lyon, Shaywitz, & Shaywitz, 2003) . Dyslexia is also often associated with impediments in a range of perceptual and cognitive, processes important for reading, such as verbal short-term memory, rapid naming, and phonological awareness, as well as differences in the brain regions supporting these processes (Norton, Beach, & Gabrieli, 2015; Pennington et al., 2012) . Due to the variability of dyslexia symptoms reported in the literature, forming a cohesive definition of dyslexia has been challenging, and instead a multi-deficit conceptualization of dyslexia is becoming increasingly accepted (Pennington et al., 2012) . Traditionally, there has been an emphasis on the independence of dyslexia from other causes that could explain reading failure (i.e., low intelligence, socio-economic disadvantage, inadequate schooling, or physical disability) (Lyon, 1995) . Due to the complex interactions among environmental, cognitive, and neurological factors, however, the merits of such an approach are under considerable debate (Elliott & Grigorenko, 2014) .
Similar to the complexity of dyslexia's definition, and potentially because of it, dyslexia remediation efforts have been challenging, with modest effect sizes for interventions ranging from 0.07 to 0.56, according to a meta-analysis (Wanzek & Vaughn, 2007; Wanzek et al., 2013) . Converging research points to the importance of early and individualized interventions for at-risk students for improving the effectiveness of remediation (Denton, 2006; Flynn, Zheng, & Swanson, 2012; Morris et al., 2012; Shaywitz, Morris, & Shaywitz, 2008; Swanson & O'Connor, 2009; Torgesen, 2000; Vellutino et al., 1996; Wanzek & Vaughn, 2007) . Therefore, an important question is whether distinct patterns of pre-reading performance could serve as reliable predictors of particular profiles of dyslexia. The current study, for the first time, implements latent profile analysis (LPA) methods to investigate the heterogeneity of dyslexia risk profiles in pre-reading and early-reading children longitudinally. LPA is a mixture-modeling technique that aims to classify individuals into distinct groups based on individual response patterns.
In order to characterize the heterogeneity and prevalence of latent early literacy profiles as well as their longitudinal stability and distribution across school SES levels, a large sample of kindergarten and pre-k children from 20 diverse schools was evaluated on measures of early literacy and cognition. LPA was implemented to reveal homogenous profiles of performance and to examine these profiles in relation to reading status (readers or prereaders) and school SES. Latent class membership was then used to predict end-of-1st grade reading abilities of a subsample of children.
Early Identification of Dyslexia Risk
The cascading effects of early reading ability have been well documented: children who are early readers receive more print exposure and develop superior automaticity, comprehension skills, vocabulary, and cross-domain knowledge (Mol & Bus, 2011; Stanovich, 1996) . In contrast, children who lag behind in their early reading abilities receive fewer opportunities to enhance their vocabulary or to develop reading comprehension strategies. Additionally, these children tend to acquire negative attitudes about reading (Oka & Paris, 1986) , and often remain poor readers throughout their school years and beyond, never achieving fluent reading (Ferrer et al., 2015; Lyon et al., 2003) . Thus, an important aim of reading studies is to determine which pre-reading measures predict dyslexia in order to offer the potential to effectively intervene and prevent reading failure.
Several pre-reading measures, when administered in kindergarten, are predictors of later reading abilities (for a review see Ozernov-Palchik & Gaab, 2016) . These measures include letter name and letter sound knowledge (LSK), phonological awareness (PA), verbal or verbal short-term memory (VSTM), and rapid automatized naming (RAN) (Catts, Fey, Zhang, & Tomblin, 2001; Pennington, 2001; Scarborough, 1989; Schatschneider, Fletcher, Francis, Carlson, & Foorman, 2004; Wolf, Bally, & Morris, 1986) . PA is the metaunderstanding of the sound units of oral language, measured by the ability to manipulate linguistic sounds independent of meaning (Stahl & Murray, 1994 ). Short-term memory is a separate, but related construct that measures the capacity to maintain and process information (e.g. digits, pseudowords) for a short period of time (Siegel & Linder, 1984; Stanovich, Cunningham, & Feeman, 1984) . VSTM, a short-term memory for linguistic (verbal) material (e.g., a string of letters), is sometimes subsumed under PA, since both involve phonological processing, but there is evidence that it represents a distinct construct and accounts for unique variance in reading (Mann & Liberman, 1984; Scarborough, 1998) . RAN is the ability to rapidly retrieve the name of visually presented familiar items in a serial array (e.g., objects, colors, numbers, or letters, or a combination of these in rapid alternating stimulus formats) (Denckla & Rudel, 1976; Norton & Wolf, 2012) .
Although these measures demonstrate a strong association with later reading performance, studies that used kindergarten performance on these measures to ascertain risk for dyslexia showed limited success in predicting which children truly develop dyslexia, with false positives ranging from 20% to 60% (Jenkins & O'Connor, 2002; Torgesen, 2002a) and false negatives from 10% to 50% (Catts, 1991; Scarborough, 1998; Torgesen, 2002b) . These findings prompted suggestions of delaying identification until at least 1 st grade, when language-based and literacy-based activities at home are less influential and measures can be more reading-specific . Demonstrating stability in risk-status classification between kindergarten and 1 st grade, however, has important implications for early diagnosis of dyslexia risk and subsequently, early remediation.
Theories of Dyslexia and Implications for Diagnosis and Treatment
In the double-deficit view of dyslexia, deficits in PA and RAN represent distinct deficits across different languages; further, the combination of both deficits in some individuals can be additive, creating reading impairment that is more severe than in individuals with single deficits (Compton, Defries, & Olson, 2001; Kirby, Parrila, & Pfeiffer, 2003; O'Brien, Wolf, & Lovett, 2012; Papadopoulos, Georgiou, & Kendeou, 2009; Wimmer, Mayringer, & Landerl, 2000; Wolf & Bowers, 1999) . Others contend, however, that rather than representing distinct dyslexia subtypes, both PA and RAN deficits represent the failure to fluently access and retrieve phonological information (Lervåg & Hulme, 2009; Ramus, 2003) .
One of the main challenges to the evidence for the double-deficit hypothesis is the inconsistency in criteria applied to designate dyslexia diagnosis across studies (Vukovic & Siegel, 2006) . The manner in which deficit groups are defined can strongly influence the results, and thus the understanding of how these deficits relate to reading development. For example, some studies define dyslexia based on an IQ-achievement discrepancy model that designates dyslexia as a low performance on reading assessments relative to performance on tests of general intelligence (e.g., IQ), while others do not. A similar issue concerns the use of arbitrary cut-off criteria to designate risk. For example, across studies, the threshold used to define risk spans the range of 10 th to 25 th percentile, or 1 to 2 standard deviations below the standardized mean performance on reading tests. Due to the lack of consensus on the definition of risk, the cut-off method may impose an artificial structure onto data and bias the interpretation of results (Catts, Compton, Tomblin, & Bridges, 2012; Fletcher et al., 2002; Francis et al., 2005; Waesche, Schatschneider, Maner, Ahmed, & Wagner, 2011) . Another consideration is the moderate correlation between PA and RAN that has been shown to impede the methodological validity of classifying children into pre-determined discrete PA and RAN deficit subgroups (Compton et al., 2001; Schatschneider, Carlson, Francis, Foorman, & Fletcher, 2002) .
As an alternative to pre-defining risk-group membership, several studies used latent analysis methods to ascertain reading profiles or dimensions within large samples of already-reading children. In one study, LPA was used to characterize a large sample of 9-year-old Swedish children on reading performance measures (i.e., reading of continuous texts, reading of document texts, word reading, and reading speed) (Wolff, 2010) . Eight stable profiles of readers emerged: 1) high performance; 2) average performance; 3) poor document reading; 4) average decoding and fluency, poor comprehension; 5) low decoding, comprehension, and poor fluency; 6) low fluency and decoding, poor comprehension; 7) average decoding and fluency, low comprehension; 8) poor fluency, low decoding, average comprehension.
In a longitudinal study, latent class modeling was also used to identify distinct subtypes of reading development in a large sample of children tested two times per year in the 1 st grade and 2 nd grades Several groups of readers emerged based on children's performance on single word identification, reading fluency, and reading comprehension measures: (1) poor readers, (2) slow decoders, (3) poor comprehenders, (4) average readers, and (5) good readers. These studies support the use of data-driven analysis methods for identifying homogenous profiles of reading and suggest that the heterogeneity of reading development is present early in schooling.
In another approach, a taxometric method was applied to identify the latent structure of reading performance in a large sample of 6-8 year-old children who were identified as dyslexic based on IQ-achievement discrepancy or simply low reading achievement (O'Brien et al., 2012) . This method allows for revealing latent categorical traits, "taxons," rather than dimensional classes of the condition of interest in the data. Results from the analysis confirmed the double-deficit view of dyslexia. However, these results depended on how dyslexia was defined, as the association between RAN and reading emerged in the IQachievement discrepancy group, but not in the low reading achievement group. These findings demonstrate the challenge of interpreting results based on pre-established definitions of dyslexia.
The above studies using group classification methods investigated older children who were already reading. From a theoretical perspective, in order to argue that a particular subtype is a core deficit, it is important to demonstrate that the deficit is present prior to reading instruction and is not an artifact of differential influences of reading development, reading instruction, or a phonological awareness deficit (Goswami, 2015) . From an applied perspective, the application of these studies to early identification is, therefore, limited.
Longitudinal Stability of Risk Classification
Another important aspect of group classification is the stability of reading profiles across time. Despite the significance of validating classification methods longitudinally, few studies have investigated the stability of the specific risk subtypes over time. Instead, most longitudinal investigations have focused on the long-term associations of the early literacy components (i.e., testing whether a particular measure in time 1 correlates with a reading outcome in time 2 (e.g., Scarborough, 1998) ; or on retrospective investigations of individuals with an existing dyslexia diagnosis (i.e., evaluating performance at time 1 based on outcomes at time 2 (e.g., Catts & Weismer, 2006) .
The longitudinal stability of PA, RAN, and double-deficit (DD) risk classifications has been investigated in only two studies of pre-readers to date (Spector, 2005; Steacy, Kirby, Parrila, & Compton, 2014) . Neither study used data-driven methods, but instead applied a predefined cut-off to determine risk. In one study, pre-reading first-grade students were classified (using 1 SD below mean criterion) as typical, PA deficit, RAN deficit, or DD. These groups exhibited low group-membership stability from the beginning to the end of the 1st grade (less than 50% accuracy) (Spector, 2005) . In another study, kindergarten students were characterized into the same groups using a different cut off criterion (25 th percentile) and were followed longitudinally until the fall of second grade (Steacy et al., 2014) . Group membership in this study was highly stable (over 70% accuracy), which might reflect the larger range of scores below the cutoff. Since both studies applied different criteria to establish risk, the inconsistency in findings could be due to the issues of pre-classifying students into risk groups using cut-off scores. Thus a data-driven longitudinal approach is necessary to ascertain the stability and utility of a multi-deficit model for dyslexia risk identification.
Cognitive and Environmental Influences
The complexity of risk identification is underscored by the multiple cognitive and environmental components that interact with reading ability and disability. Two of these components that have been strongly linked to reading performance are intelligence (IQ) and socioeconomic status (SES). Historically, dyslexia has been diagnosed based on a reading achievement and IQ discrepancy model. Several studies have shown that the core mechanisms of dyslexia are consistent regardless of IQ (Siegel, 1989 (Siegel, , 1992 Stanovich, 2005; Tanaka et al., 2011) , although other studies have demonstrated different patterns of reading profiles based on IQ (Ferrer, Shaywitz, Holahan, Marchione, & Shaywitz, 2010; Morris et al., 1998; O'Brien et al., 2012) . The relationship between SES and reading achievement is complex, as it indexes a broad range of environmental factors. Nevertheless, school-level SES (commonly measured by the percentage of children eligible for free/ reduced lunch within each school) (Caldas & Bankston, 1997) correlated strongly with reading performance (e.g., Scarborough, 1998; Sirin, 2005) . Therefore, both school-SES and IQ are important to consider when investigating reading development.
Current Study
The current study aimed to examine: 1) the heterogeneity and prevalence of latent early literacy profiles among kindergarten students; 2) the stability of latent class membership across two time points (i.e., the beginning of kindergarten and the end of first grade); and 3) the latent profile distribution across school SES levels. In using LPA and latent class regression methods, we are controlling for some of the major issues raised in the research to date on the presence of single or multiple core deficits in children with dyslexia.
Methods

Participants and Data Collection Procedures
Participating children were recruited from 20 schools in New England. Schools varied in their urbanicity and socioeconomic status and included public district (30%), public charter (20%), private (10%), and Catholic (40%) schools. Schools were classified into three SES groups based on the percentage of students receiving free or reduced lunch, as reported by the school: high SES (0-5% of students, 8 schools), middle SES (12-30%, 6 schools), and low SES (32-79%, 6 schools). Permission and informed consent letters were sent to the parents of kindergarten and pre-kindergarten children to obtain parental permission for their children to participate. Children whose parents provided written informed consent and who provided verbal assent completed a 30-45 minute assessment battery. Assessments were administered by trained research assistants and speech-language pathology students on a 1:1 basis. In total, 1,433 English-speaking children were tested at the end of pre-k or beginning of kindergarten (Year 1). Testing was completed over three years, and therefore the final sample included three cohorts of students. Only children with valid and complete data were included in the current analysis. The final sample included 1,215 participants (48% males) with diverse racial (69% Caucasian, 24% African-American/Black, 6% Asian, 1% other) and ethnic (12% Hispanic/Latin) backgrounds. A subset of these children (n= 95, 49% male; 79% Caucasian, 20% African-American/Black, 1% Asian; 5% Hispanic) was followed longitudinally as part of a larger neuroimaging study and was assessed again at the end of 1st grade (Time 2). Children were recruited to maintain a representative composition to that of the larger sample in regards to gender, age, ethnicity/race, school type, and behavioral scores. Children with kindergarten IQ scores below 80 and/or who did not speak fluent English, and/or who were born pre-term were excluded from longitudinal analysis.
Measures
Group performance on the age-standardized scores of the measures below is summarized in Table 1 .
Classification variables (the pre-kindergarten and kindergarten screening battery)
Phonological awareness (PA) and verbal short-term memory (VSTM): Three subtests from the Comprehensive Test of Phonological Processing (CTOPP, were administered, (1) Elision: the child repeats a word after removing a given syllable or sound; 2) Blending Words: the child blends sounds together to make a real word; (3) Nonword Repetition (NWR): the child repeats a nonsense word. The mean of Elision and Blending scores were used to calculate the PA composite score.
Rapid automatized naming (RAN):
The Colors and Objects subtests of the Rapid Automatized Naming/Rapid Alternating Stimulus (RAN/RAS) tests (Wolf & Denckla, 2005) were administered. The child names an array of familiar items (colors or objects) on the page as quickly and accurately as possible. The raw score is the time to name all items.
Word ID: The Woodcock Reading Mastery Tests -Revised-Normative Update (WRMT-R/NU, Woodcock, 1998) was administered to some of the children (65%) and the Woodcock Reading Mastery Tests, Third Edition (WRMT-III, Woodcock, 2011) was administered to other children (35%) based on their cohort of participation. For both tests, the Word ID subtest assesses single word reading skills. The child reads aloud single words of increasing difficulty within 5 seconds. Scores from the two editions were used interchangeably in the analysis as items early in the test were similar. Children were considered readers based on a raw score of 3 or higher, and non-readers based on a raw score lower than 3. This criterion was chosen based on the median score of 3 for the sample.
Letter sound knowledge (LSK):
The Letter Sound Knowledge subtest from the York Assessment of Reading for Comprehension (YARC, Stothard, Hulme, Clarke, Barmby, & Snowling, 2010) assesses knowledge of letter sounds. The scores were normed based on the sample distribution in the current study.
Non-verbal IQ (IQ):
The Kaufman Brief Intelligence Test, Second edition (Kaufman & Kaufman, 2004) . Matrices subtest assesses nonverbal matrix reasoning skills, specifically, the understanding of relations between either concrete stimuli (pictures of objects) or abstract stimuli (e.g., designs or symbols).
st Grade (Year 2) assessment included the same measures as in kindergarten and additional measures
Phonemic decoding (Word Attack): The Word Attack subtest of the WRMT-III was administered to measure the ability to apply phonic and structural analysis skills to pronounce unfamiliar words (Woodcock, 2011) . The child reads non-words of increasing complexity.
Sight word recognition (SWE) and phonemic decoding (PDE): Test of Word Reading Efficiency (TOWRE-2, . Sight Word Efficiency and Phonemic Decoding subtests were administered to measure word reading accuracy and fluency. A child reads real words or non-words as accurately and as quickly as possible within 45 seconds.
Reading comprehension and fluency:
For the Gray Oral Reading Test-5th Edition (GORT-5, Wiederholt & Bryant, 2012) , the child reads several stories aloud and then answers questions based on these passages. Scores are determined for comprehension (number of correct comprehension responses), reading accuracy (number of oral reading errors only for the oral reading paragraph), and reading fluency (combination of the rate and accuracy score).
Processing speed (PS): The Wechsler Intelligence Scale for Children -IV Coding subtest (Wechsler, 2003) . A child copies symbols that are matched with simple shapes within a twominute time limit.
Spelling (Spell):
The test of Written Spelling (TWS-4, Larsen, Hammill, & Moats, 1999) assesses expressive spelling skills. The experimenter reads a word and a child is asked to write it on paper.
Latent Profile Analysis
A Latent Profile Analysis (LPA) approach was employed to identify homogenous subgroups (i.e., profiles) of children based on reading-related variables. Unlike variable-centered approaches (e.g., exploratory factor analysis) that seek to identify correlations between variables of interest, LPA is a person-centered approach that groups individuals by the probability of their response patterns on each of the latent profile indicators. The interpretation of each profile is derived from those probabilities. Specifically, the modelfitting process begins with a one-profile model (i.e., a model in which all readers are hypothesized to demonstrate a single, homogeneous profile) to which additional profiles are added one at a time. Statistical tests are conducted at each step to determine if the additional profile significantly improves the goodness of fit of the model. Simulation studies in the statistical literature have found that these tests are robust and specific in determining when latent profiles can and cannot be differentiated in the population (e.g., Enders & Tofighi, 2007; Lo, Mendell, & Rubin, 2001) . Several criteria are employed for testing optimal fit. These include: (a) magnitude of R 2 values; (b) correct classifications versus misclassifications, e.g., in the longitudinal prediction between original class cases and their representation in the predicted classes; (c) significance of predictors; (d) significant reduction in the likelihood ratio test L 2 when comparing nested models; and, (e) acceptable entropy values. For continuous indicators as those involved in the present study, each latent profile was assumed to have its own mean and variance estimates as shown below:
The distribution of a dependent variable y is a function of a set of unknown parameters θ. In the right side of the equation π defines the probability of person x belonging in latent profile τ. Each latent profile has its own mean (μτ) and variance and covariance estimates of the latent profiles (Στ).
In the present study 1-7 profile models were fit to the data and the superior model fit was judged as a function of differences in the likelihood ratio between nested models, using the unbiased bootstrap distribution (Magidson & Vermunt, 2002) . Furthermore, parsimony was taken into consideration by selecting the model with the smallest AIC or BIC values, due to the fact that the likelihood ratio (LR) test will likely be influenced by the large sample size. The level of significance was set to 5% (Tofighi & Enders, 2008) .
Sample size estimation in latent profile models involves comparing models and thus relates strongly to the power of the LR test. Recommendations from previous simulation studies have suggested that 500 participants would suffice for highly demanding models (those with minimal between-profile membership differences and small numbers of indicators, Nylund, Asparouhov, & Muthén, 2007) . Our sample size of 1,215 participants was more than adequate for estimating our 6-profile model. As a secondary precaution and because the chisquare test is sensitive to sparse data, it is recommended to bootstrap p-value estimates in order to test the improvement in fit between two models using population-based estimates. This approach was followed in the present study using 1,000 replicated data sets, thus simulating population parameters based on our large sample. All models were run using Latent Gold 5.0 (Vermunt & Magidson, 2013) .
Parameter estimates were presented in effect size metric, specifically Cohen's d statistic (Cohen, 1992 ). Cohen's d is the metric of standard deviations and therefore differences in the latent class membership (figures 1 and 2) are expressed as standard deviations from the mean of zero (i.e., z-scores). As is customary, effect sizes of .5 are considered medium size and significant (as would be derived from inferential analyses), effect greater than .8 standard deviations as large, and effects between 0 SD and .49 as small to medium and nonsignificant.
Results
Subtypes of Early Reading Profiles
The baseline model estimated a 1-profile solution which formed the basis for subsequent comparisons. When comparing a 2-profile model to the baseline model, the fit of the 2profile model was superior, but still not acceptable because the classification errors were at the level of significance and the residual values 1 exceeded the 1.0 recommended value (Magidson & Vermunt, 2002; Magidson & Vermunt, 2001 ). Subsequently, a 3-profile solution was estimated with the purpose of minimizing those residual co-variations and improving model fit (Table 2) . Results suggested that the classification errors were still unacceptably high (p<.05). Thus, the 3-profile model was discarded in favor of a 4-profile achievement levels exceeding a medium effect size (i.e., .5) across all measures. 89.8% of the members in this group were readers.
Profile 4-The "Double Deficit (DD) Risk" group included 147 children (12.1%) and was one of the poorest performing classes. This class was associated with −.5 to -1.6 SD below mean performance across all measures. This was the only group in which all members in the group were non-readers (100%).
Profile 5-The "RAN Risk" group included 132 children (10.86%). This class was associated with at mean or slightly higher than the mean performance on all measures except the RAN (with effect sizes ranging between .2 and .5). On the RAN, the group performed 1.27 SD below the mean. Over half, 58.3%, of the members of this group were non-readers.
Profile 6-The "PA Risk" group was the smallest group including 74 children (6.09%). This group performed .5 SD below the mean on IQ and more than 1 SD below the mean on PA and NWR. Also their RAN performance was close to a medium effect size (i.e., −.43) below the mean and their LSK performance was average. Most members of this class were non-readers (89.2%).
Differences between classes were evaluated by means of the omnibus Wald test and in case of significance, a series of post-hoc tests. However, because those post-hoc tests were run under excessive power levels, due to the large sample size at Year 1, almost all estimates were significant. In order to avoid inflated statistics, the comparison between classes was based on effect size metrics, specifically, Cohen's d statistic as discussed above.
Longitudinal Prediction Based on Latent Class Membership
A latent class regression model (Magidson & Vermunt, 2001 ) was employed to test the hypothesis that profile membership in kindergarten would be predictive of end-of-1st grade reading performance for the subset of children who participated in the follow-up portion of the study (n=95). A Monte Carlo simulation was conducted to estimate the power levels of the mixture model using an n-size of 95 participants. The simulation involved a latent profile variable with 11 continuous indicators and 6 latent classes for which a standardized mean estimate of .80 (suggesting a large effect) was tested for significance (through fixing the latent class variances to 1). Results indicated that coverage (i.e., the confidence intervals that contained the true population mean of .8) ranged between 80% and 85.8% and power (proportion of correct rejections) at a 5% level of significance ranged between 70% and 74%. Both estimates of coverage and power were acceptable using our proposed sample size of 95 participants.
A bias analysis was additionally conducted to ensure that the Year 2 cases were allocated among the classes the same way as in the original (kindergarten) sample. This analysis ruled out the possibility that the findings at Year 1 are due to the different composition of the sample at Year 2 compared to that of the kindergarten sample. Specifically, a crosstabulation analysis using Pearson's chi-square statistic was conducted to evaluate the similarity in percentages. The omnibus Pearson chi-square test was non-significant [χ 2 (5) = 7.36, p = .92] indicating a similar representation of cases in the 6 profiles for the longitudinal participants, as compared to the full sample. Specifically, the percentages per class were as follows (Year 1 and Year 2): for Class 1, 31%/27%; for Class 2, 20%/23%, for Class 3, 20%/14%, for Class 4, 12%/13%, for Class 5, 10%/18%, and for Class 6, 6%/5%. Consequently, the Year 1 6-class category classification was used as an independent variable and the following Year 2 measures were entered as dependent variables: a) WISC-IV coding (WISC PS), b) TOWRE-2 sight word efficiency, c) TOWRE-2 phonemic decoding efficiency, d) CTOPP elision and blending (PA), e) CTOPP nonword repetition (WM), f) WRMT-III Word ID, g) WRMT-III word attack, h) RAN objects and colors composite score, i) GORT-5 reading fluency, and, j) GORT-5 reading comprehension, k) TWS-4 spelling. The tested means and significance levels shown in Table 3 suggested that the classes were adequately differentiated based on the classification variables. Table 5 shows the means on each of the Year 1 measure for each class and the Wald statistics, which indicate differences between classes on mean point estimates. Latent class formation was distinct across all measures, such that no measures were associated with identical point estimates across the latent classes.
A Latent Class Analysis on all Year 2 measures revealed 6 distinct profiles of performance. The patterns of performance across profiles on variables that overlapped between the two years, as well as on additional variables, closely resembled the pattern of performance on Year 1 measures. A predictive model was developed to test the likelihood that a particular child who belonged to one class in Year 1 will remain in the same class in Year 2. Results (Figure 2 and Table 5 ) indicate that all of the children were classified to the same latent class in Year 2 as in Year 1, reflecting 100% stability in class membership.
In terms of general performance on Year 2 measures, children in the High-Performers profile (Class 3) had the highest means across all measures except on the WISC PS at Year 2, with effect sizes ranging from medium to large. The Double Deficit profile (Class 4) maintained low performance in 1 st grade across measures with medium to large effect sizes. Specifically, this profile performed worse, than all other profiles, on all measures except PA, whereas the PA deficit profile scored the lowest but very close to the DD group's estimates (with effect sizes of −.52 and −.50, respectively). The PA-Deficit Group (Class 6) maintained low performance on all phonological measures (PA, phonemic decoding efficiency, and word attack) as well as WM with small and medium effect sizes, and maintained above average performance on RAN and other speeded measures (reading fluency and sight word efficiency). Furthermore, the Average performing profile (Class 1) demonstrated a slight advantage (small effect size) in performing on the sight word efficiency task as compared to the phonemic decoding efficiency task. This advantage was significantly more pronounced (medium effect size) in the PA deficit group and there was no advantage for the RAN deficit (Class 5) and the Low-Average (Class 2) groups. The lowaverage group demonstrated a below average (small to medium effect size) performance on NWR, Word ID, spelling, and comprehension and fluency measures, but not on any of the phonological decoding and awareness measures, for which performance was at average levels. The RAN deficit group (Class 5) remained average performing on all measures except RAN, for which performance was below average (small to medium effect size). The PA deficit group outperformed the RAN group on 1 st grade speeded reading measures (i.e., sight word efficiency, fluency) with small effect size. Children in the RAN deficit and DD groups were the only ones who demonstrated higher reading comprehension than reading fluency skills.
Cognitive and Environmental Factors
To evaluate the relationship between SES and class membership, the distribution of profiles across the three school-level SES groups was tested. Chi-Square tests revealed a significant (p<0.001) difference in profile distribution across the three SES groups. Whereas the majority of high-performing and average-performing students (Profiles 1 and 3) belonged to the high (41.8% and 31.1% respectively) and medium (36.2% and 49.4% respectively) SES groups (versus 22% and 19.6% in low the SES group), the majority of the PA and RAN deficit students (Profiles 5 and 6) belonged to the low-SES group (37.1% and 56.8% versus 32.6% and 17.6 in high SES and 30.3% and 25.7% in middle). These results are especially striking considering that the low SES class had fewer students overall (n = 314 versus n = 457 for high SES and n = 444 for middle SES). The double-deficit and low-average class distribution was proportional to the SES group size (Figure 3) . Pearson correlation revealed that performance on the IQ measure was significantly positively correlated with all Year 1 measures (Pearson r estimates with PA = .344, p<.001, with LSK = .140, p<.001,with RAN = .226, p<.001,and with NWR = .276, p<0.001).
Discussion
This study was the first to apply Latent Profile Analysis (LPA) and longitudinal regression approaches to characterize the heterogeneous profiles of early reading performance of a large sample of kindergarten and pre-kindergarten students and to evaluate the predictive capacities of these profiles longitudinally in the context of socioeconomic and cognitive factors (i.e., IQ). Six distinct profiles of reading emerged and were characterized as follows: average performers, high performers, low-average performers, RAN risk, PA risk, and double deficit risk. Importantly, these patterns of performance were in accordance with previous risk classification studies and significantly predicted performance on end-of 1 st grade reading and language measures revealing a longitudinal stability of class membership of 100%.
Implications for Dyslexia Risk Subtypes
Similar to previous studies that did not use a predetermined cut-off to characterize risk (Boscardin, Muthén, Francis, & Baker, 2008; Wolff, 2010) , multiple reading profiles emerged in our sample. Three distinct profiles of deficits that differed in performance level and pattern were identified: PA deficit, RAN deficit, and double deficit (DD). In terms of general performance on all measures, the DD group performed more poorly than the PA risk group, which in turn had lower scores than the RAN risk group. These results are in line with previous double-deficit studies that found similar relative performance among the PA, RAN, and DD risk groups (Katzir, Kim, Wolf, Morris, & Lovett, 2008; Lovett et al., 2000; Vaessen, Gerretsen, & Blomert, 2009; Wolf & Bowers, 1999) .
Whereas previous findings of lower PA scores in the DD group as compared to the PA deficit group led some authors to question the validity of the double-deficit distinction (Compton et al., 2001; Schatschneider et al., 2002) , the DD group in our sample had comparable PA scores to the PA risk group. In fact, on the verbal short-term memory measure, the DD group scored significantly higher than the PA group 4 , albeit with a small effect size. This suggests that the reduced performance of the DD group in both years is due to the cascading effects of both phonological and RAN deficits that impair reading acquisition across several levels of processing, e.g., phonological, visual, attentional, and retrieval (Wolf & Bowers, 1999; Wolf & Bowers, 2000) .
In contrast, the RAN risk group had intact performance on all other kindergarten measures (including PA), further supporting the independence of the RAN construct from PA. Additionally, all students in the RAN risk group were readers, consistent with the doubledeficit view that predicts no deficits in word recognition for those with RAN deficits on untimed tasks Morris et al., 1998; . RAN is thought to index the automaticity with which cognitive processes important for reading are executed and integrated (Norton & Wolf, 2012) . Consequently, RAN has been strongly linked to timed word identification measures and reading fluency. Indeed, the RAN risk group performed below the other profiles (except Double-Deficit risk) on 1 st grade raterelated skills (i.e., sight word efficiency, fluency). Additionally, the RAN risk group's pattern of low fluency performance as compared to comprehension is in contrast to that of the other groups that demonstrated similar performance on comprehension and fluency. Thus, current results bolster the specificity of RAN's association to speeded and fluencyrelated measures.
The low performance of the PA risk group on phonological measures, but not reading or spelling measures, both bolsters the stability of the PA construct, and suggests that PA deficit on its own is insufficient to cause reading impairment. PA indexes the ability to decode (i.e., sound out) words that are not yet automatic as well as non-words (Stahl & Murray, 1994) . Accordingly, the PA risk group had lower phonemic decoding skills (phonemic decoding efficiency, word attack) as compared to sight word efficiency, showing a different pattern from the DD and RAN risk groups. The PA risk group's impairment on phonological measures was specific, as they did not show reduced LSK in kindergarten or impaired 1 st grade reading comprehension and fluency performance. This is in line with studies demonstrating dissociation between phonological deficits and reading performance in the absence of other exacerbating risk factors (Moll, Loff, & Snowling, 2013) . The small size of the PA risk profile further suggests the rarity of pure phonological deficits early in reading development.
The low-average profile compromised the largest group in the sample and was characterized by below-average performance on all kindergarten measures. This group also demonstrated low performance on LSK in kindergarten (as compared to the other measures) and by the non-reading status of the majority of the group. In Year 2, this group demonstrated belowaverage performance on single word identification measures (word ID and sight word efficiency), as well as on spelling, reading comprehension, and reading fluency. In both years, the low-average group demonstrated low performance on the verbal short-term memory measure. This unique pattern of poor performance on orthographic measures in kindergarten and typical performance on phonological, as compared to orthographic and lexical reading measures in 1 st grade, is reminiscent of another conceptualization of dyslexia reported in literature: the surface deficit of dyslexia (Castles & Coltheart, 1993) . Surface dyslexia has been characterized by intact phonological abilities and intact regular word reading, but poor exception word reading (Coltheart, Masterson, Byng, Prior, & Riddoch, 1983) . Exception words are words that have irregular spelling and, therefore, cannot be read by applying phonological grapheme-to-phoneme conversion rules. Instead, these words are read holistically through direct access to the lexical information underlying a specific orthographic pattern. Children with surface dyslexia-like deficit have a problem in developing direct visual representations of words and are thus differentially impaired at tasks emphasizing orthographic knowledge (Jiménez, Rodríguez, & Ramírez, 2009; Manis, Seidenberg, & Doi, 1999; Manis, Seidenberg, Doi, McBride-Chang, & Petersen, 1996; Stanovich, Siegel, & Gottardo, 1997) . Accordingly, the sight word efficiency measure, on which the low-average group showed lower performance as compared to phonemic decoding efficiency, included many irregular words.
There has been mixed evidence for the validity of the surface dyslexia subtype. Some studies with reading-level controls suggested that it represents a developmental delay rather than a distinct deficit ; but see Peterson, Pennington, & Olson, 2013; Stanovich et al., 1997) . These developmental delays have been attributed to poor home literacy or language environment (Castles, Datta, Gayan, & Olson, 1999; Sprenger-Charolles, Siegel, Jimenez, & Ziegler, 2011) . Additionally, studies suggest that phonological and surface dyslexia differ only in the degree of severity of phonological deficits and in cognitive resources available to compensate for these deficits (Snowling, 1998) . Future studies will determine whether the initial orthographic deficits demonstrated in the current study for the low-average group will be ameliorated with additional reading instruction or become more pronounced in later grades.
Longitudinal stability of risk classifications
The longitudinal stability of early pre-reading literacy profiles has important implications for dyslexia risk identification and intervention. Our results demonstrated perfect stability in performance from the beginning of kindergarten to the end of 1 st grade. Importantly, the patterns of performance on pre-reading measures across the groups correlated with performance on more advanced reading measures in a manner that is consistent with the theoretical expectations of the double deficit and the surface-phonology deficit approaches. Since children who are poor readers in 1 st grade tend to remain poor readers by the end of elementary school (Boscardin et al., 2008; Francis, 1996; Juel, 1988; Shaywitz et al., 1999; Torgesen & Burgess, 1998 ) and on through 12 th grade (Ferrer et al., 2015) , these findings point to the validity of our kindergarten battery in identifying dyslexia risk and the sensitivity to individual differences in performance.
Indeed, letter knowledge, phonological awareness, verbal short-term memory, and rapid automatized naming have been identified across several studies as the most robust early predictors of reading abilities (Kirby, Desrochers, Roth, & Lai, 2008; Ozernov-Palchik & Gaab, 2016; Scarborough, Dobrich, & Hager, 1991; Schatschneider et al., 2002; Warmington & Hulme, 2012) . Our study demonstrated the stochastic independence among these measures and their robustness in distinguishing between and among various profiles of reading development. Importantly, the differences in performance between typical groups and risk groups on pre-literacy measures extended to differences in actual reading performance on word recognition, fluency, and comprehension measures. These findings suggest that early identification of dyslexia risk is possible and that one-size-fits-all interventions will likely be less effective in accommodating the specific deficits and strengths of the various risk profiles (Allor, Mathes, Jones, Champlin, & Cheatham, 2010; Vaughn et al., 2012) .
It is important to note that the theoretical interpretation of our findings could be affected by the selection of measures. The inclusion of other measures in the kindergarten battery could have resulted in different profiles of performance in accordance to other theories of dyslexia (e.g., visual attention). Yet, the selection of measures for the current study was motivated by the robust empirical support for their strong predictive value of reading outcomes across languages, supporting the significance of the current findings. Additionally, since the LSK measure was administered in Year 1 only, it was not possible to evaluate the longitudinal stability in performance on this measure. Due to the well-documented limited power of LSK to differentiate between reading abilities beyond kindergarten (due to a ceiling effects), the measure was excluded from the Year 2 battery (McBride-Chang, 1999; Wagner & Barker, 1994) . Single word measures, however, were administered in Year 2 and are considered a good proxy of early letter knowledge as there is a high concurrent and predictive correlation between the two constructs (Scarborough, 1998; Schatschneider et al., 2004) . Indeed in the current study, children demonstrated similar performance on LSK in Year 1 and WID in Year 2. Furthermore, the small size of the longitudinal sample (n = 95) raises the possibility of Type-II error. A Monte Carlo simulation was conducted to test this possibility and showed that a Type-II error is unlikely. By employing a bias analysis, we further demonstrated that the longitudinal sample was representative of the kindergarten sample both in terms of pattern of distribution across profiles and in demographic characteristics.
Cognitive and environmental factors
Reading development occurs in the context of cognitive and environmental influences. We observed that the frequency of the PA and RAN risk groups was significantly higher in the low SES schools than the other two SES groups. This was not the case, however, for the DD group. It is possible that social factors have a higher impact on the single-deficit groups, whereas the double deficit is influenced more by hereditary factors. Indeed, previous studies reported higher frequency of family history of dyslexia in the DD group as compared to other reading profiles (Morris et al., 1998) and studies that demonstrated more severe reading deficits in children with higher genetic liability for dyslexia (van Bergen, van der Leij, & de Jong, 2014) . Since the majority of schools in this study were charter or private schools, however, students in these schools, even with free/reduced lunch qualification, may not be representative of low-income children who attend non-charter public schools (Lubienski & Lubienski, 2006) . For example, in many cases, parents must put forth substantial effort to gain admission and scholarships to a private school or to secure a spot for their child in an oversubscribed charter school. These parents may be more invested in their children's early literacy development. Therefore, different home and school environments may underscore literacy development in children in charter versus public schools. Thus, the current SES results should be interpreted with caution, until future investigations can focus on both school-level and family-level socioeconomic and environmental factors, using a higher proportion of low-SES public schools and a family level measure of SES.
Our results did not provide support for the IQ-discrepancy model of dyslexia. All deficit groups except RAN had low-average performance on the non-verbal IQ measure, with PA and DD groups having the lowest scores. Thus, across the deficit subgroups, the pattern of low language skills despite average IQ did not emerge. In fact, the non-verbal IQ scores were significantly correlated with all Year-1 language measures, indicating a strong coupling between general cognitive abilities and reading. This is in line with previous reports of a strong relationship between cognitive and reading abilities in early grades and the gradual weakening of this relationship across development and into adulthood (Ferrer et al., 2010) . Taken together, the current results join an increasing body of evidence against using IQbased discrepancy criterion to classify dyslexia risk (Fletcher et al., 1994; Pennington, Gilger, Olson, & DeFries, 1992; Siegel, 1992; Stanovich & Siegel, 1994; Tanaka et al., 2011) . Future investigations should examine how the interaction between general cognitive abilities and reading achievement is mediated by social and hereditary factors in order to best determine particular profiles of reading and dyslexia.
Summary
These findings are novel in applying a data-driven analysis approach to demonstrate the robustness of RAN, PA, VSTM, and LSK administered in early kindergarten in differentiating the discrete subtypes of dyslexia and predicting later reading performance with high accuracy. Current results carry important implications for improved early identification, differentiated remediation, and an evolving understanding of dyslexia. The high stability of group membership supports the feasibility of early identification of risk, prior to reading failure. This is important for optimizing the educational and psychosocial outcomes of children with dyslexia. Performance on the non-verbal IQ measure of the different groups was proportional to the general level of performance across measures, showing no supporting evidence for the IQ-discrepancy model of dyslexia. Finally, the overrepresentation in low SES schools of PA and RAN deficit profiles, but not double deficit or surface deficit profiles, provides insight both into the environmental factors influencing dyslexia risk, and also possible hereditary factors.
Research Highlights
•
A latent profile analysis revealed heterogeneous profiles of performance on measures of early literacy in 1,251 kindergarten/pre-k students Latent class regression predicting reading outcomes from the earlier formed kindergarten latent profiles. The values in the figure are z-scores. The Wald z-statistic suggested that all variables were significant in differentiating between latent classes. That is, for all variables there were differential levels of performance per class. PA-phonological awareness, VSTMverbal short-term memory, WA-word attack, PDE-phonemic decoding efficiency, SWEsight word efficiency, WID-word identification, SPELL-spelling, RAN-rapid automatized naming, PS-processing speed. Latent class distribution across SES groups. 
